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ABSTRACT: Most of the recent studies and projections of precipitation patterns, based on records observed in the past
and climate change scenarios for the Mediterranean basin, suggest a relatively slow decrease in rainfall amounts over the
years but an increase in the frequency of extreme precipitation events. These are key factors in desertification processes
and these will cause social and environmental impacts in the short term, mainly because changes in heavy rainfall events
may have severe implications and impacts on soil erosion, resulting in increased risk of soil degradation.
The main objective of the present work is to evaluate the spatial–temporal dynamics of extreme precipitation events
in southern Portugal, using a direct sequential simulation algorithm (DSS models) in order to assess the relationships
between spatial and temporal extreme rainfall patterns. Local probability density functions (pdfs) and spatial uncertainty
are evaluated by a set of equiprobable simulated images of the chosen extreme precipitation indices.
The used dataset in this work comprises a set of 105 station records of observed daily precipitation within the period
1961–2000. Two indices of extreme precipitation were selected: one representing the frequency of extremely heavy
precipitation events (R30) and another characterizing the occurrence of dry events (RL10), both obtained from observed
daily precipitation series.
Results show that the spatial continuity of extreme precipitation events has increased in the last 40 years in southern
Portugal. It also demonstrates a decrease in spatial variability, implying that extreme precipitation events tend to be more
spatially homogeneous, which may have a severe impact on water resources, agriculture and soil erosion, particularly when
associated with desertification risks. Copyright  2009 Royal Meteorological Society
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1. Introduction
Although there is a general agreement on the trend
decline of precipitation over the years, the most impor-
tant factors on desertification and other social and envi-
ronmental short-term impacts in Mediterranean regions
are extreme precipitation events – severe droughts and
floods. In Mediterranean climate regions, precipitation
patterns are highly variable as far as the time, space,
amount and duration of the events is concerned. Most
of the studies and projections of future precipitation pat-
terns, based on past observed records and climate change
scenarios for the Mediterranean Basin, indicate a decrease
in rainfall amounts over the years and an increase in
the frequency of heavy/intense rainfall events in autumn
and winter seasons, particularly in winter (Brunetti et al.,
2001; Kostopoulou and Jones, 2005). In some regions, the
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increasing number of heavy precipitation events increases
the flood risk (Hidalgo et al., 2003).
Issues such as drought and erosive rainfall have been
raising concern about the risks of land degradation
and desertification (La´zaro et al., 2001). These changes
in extreme precipitation events may also have severe
implications and impacts on soil erosion, resulting in
increased soil degradation risks.
A common tool used to understand and assess the
precipitation pattern over a region is the extreme precipi-
tation indices based on daily precipitation series, as indi-
cators of climate change (Jones et al., 1999; Karl et al.,
1999; Brunetti et al., 2001). Generally, these indices can
be split into two main categories: one involves arbitrary
fixed thresholds, such as the number of days per year
with daily precipitation exceeding a specific amount or
threshold (in millimetres) (e.g. Klein Tank and Ko¨nnen,
2003; Kostopoulou and Jones, 2005) and the other cate-
gory is based on statistical quantities such as percentiles,
which are more appropriate for regions that contain a
broad range of climates (Haylock and Nicholls, 2000;
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Klein Tank and Ko¨nnen, 2003). The use of extreme
precipitation indices is recommended by the joint work-
ing group on climate change detection of the World
Meteorological Organization – Commission for Clima-
tology (WMO-CCL), the Research Programme on Cli-
mate Variability and Predictability (CLIVAR) (Peterson
et al., 2001) and the CLIVAR/GCOS (Global Climate
Observing System)/WMO workshop on indices and indi-
cators for climate extremes (Karl et al., 1999). From the
list of recommended indices, two precipitation indices,
one representing wet conditions (R30) and the other rep-
resenting dry conditions (RL10) have been selected in
this work.
The RL10 is defined as the number of days per year
with precipitation below 10 mm and the R30 index is
based on the count of days per year exceeding a fixed
threshold (30 mm). The use of annual indices greatly
simplifies the analysis of extremes and provides useful
measures for impact analysis as they can be related with
extreme events that affect human society and the natural
environment (Klein Tank and Ko¨nnen, 2003).
Most of the studies based on extreme precipita-
tion indices only focus on temporal trends rather than
space–time patterns and trends (Serrano et al., 1999;
Klein Tank and Ko¨nnen, 2003; Kostopoulou and Jones,
2005; Moberg and Jones, 2005; Rodrigo and Trigo, 2007;
Costa and Soares, 2008).
Rodrigo and Trigo (2007) presented an analysis of
precipitation changes across the Iberian Peninsula using a
seasonal and annual aggregation of observed precipitation
data and showed that main changes occurred in the
precipitation intensity of northern and southern stations,
with a decreasing trend over time, suggesting that further
work will be necessary to obtain a complete view of the
spatial–temporal variability of daily precipitation in the
Iberian Peninsula.
Costa et al. (2008) provide a first insight on the dynam-
ics of three extreme precipitation indices in southern
Portugal. Their results do not show any statistically sig-
nificant linear trends in the regional-average series of the
indices (RL10, R30 and R5D: highest consecutive 5-day
precipitation total) within the period 1941–2000.
In order to accommodate the spatial dimension to pre-
cipitation data analysis, some geostatistical studies have
already been carried out, but have been mainly focused
on the spatial interpolation of precipitation (e.g. Prud-
homme and Reed, 1999; Goovaerts, 2000; Daly, 2006).
However, there are very few studies on the modelling
of space–time patterns of extreme precipitation indices.
Hundecha and Ba´rdossy’s work (2005) interpolated daily
precipitation measurements on a 5 × 5 km grid through
external drift kriging, using a digital elevation model as
secondary information, and, afterwards, several extreme
precipitation indices were calculated on grids of 5, 10,
25 and 50 km.
A different approach is proposed in this work, as the
extreme precipitation indices are calculated directly from
daily precipitation measurements and then the spatial
distribution of extreme precipitation events are analysed
using a geostatistical methodology. The semivariograms
of extreme precipitation series were modelled and the
direct sequential simulation was performed to illustrate
the relationships between spatial and temporal extreme
precipitation patterns.
A description of the study region and data is presented
in Section 2, and the applied methodology is briefly
described in Section 3. The obtained results are presented
and discussed in Section 4, and the major conclusions are
stated in Section 5.
2. Study region and data
2.1. Study region
The study region corresponds to the southern part of con-
tinental Portugal, which comprises two different admin-
istrative regions, Alentejo and Algarve, having differ-
ent physiographic characteristics. In the far south, the
relief is dominated by the two main Algarve’s moun-
tains: Monchique on the west, and Caldeira˜o on the east.
In contrast, the Alentejo region is characterized mainly by
vast flat to rolling country, the peneplain, where the aver-
age altitude is approximately 200 m. The Sa˜o Mamede
mountain ridge, the highest in the Alentejo region with an
altitude of 1000 m, lies in the extreme north-east. These
regions are characterized by a Mediterranean climate and
present a high level of susceptibility to drought events
and desertification phenomena (e.g. Pereira et al., 2006).
The precipitation regime in southern Portugal is char-
acterized by highly irregular behaviour in both the spatial
and temporal dimensions, namely in the amount and dis-
tribution of rainfall (Daveau, 1977). Given the impacts
of droughts and floods, the study of extreme precipita-
tion space–time variability is of paramount importance
in terms of water basins management in the south of the
Iberian Peninsula (Ramos and Reis, 2002; Trigo et al.,
2004).
The precipitation regime in Portugal can be explained
by two different seasonal atmospheric mechanisms. In
summer, the large-scale atmospheric circulation is steered
by the Azores anticyclone, which is displaced towards
its north-westerly position, producing northerly or north-
easterly winds that bring warm and dry air into Continen-
tal Portugal, which is either of continental or of maritime
origin. However, in southern Portugal, summer precip-
itation is sometimes associated with local convective
activity. On the other hand, during winter, the large-scale
circulation is mainly driven by the position and intensity
of the Icelandic low, and Portugal is affected by westerly
winds that carry moist air and produce rainfall events
mainly in northern Portugal (Trigo and DaCamara, 2000).
2.2. Data
The monitoring network utilized is an original set of 38
(decade of 1960) to 106 monitoring stations (decade of
1990) with daily precipitation data (Figure 1). The data
set was compiled from the National System of Water
Resources Information database (SNIRH – Sistema
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Figure 1. Study domain and stations’ locations with selected daily
precipitation series.
Nacional de Informac¸a˜o de Recursos Hı´dricos, http://
snirh.inag.pt) and three daily series were compiled
from the European Climate Assessment (ECA) dataset
(http://eca.knmi.nl). All precipitation time series were
quality controlled by several procedures (e.g. Costa and
Soares, 2006, 2009).
Extreme precipitation indices are sensitive to the
number of missing days, thus using a similar approach
as proposed by Haylock and Goodess (2004). Therefore,
for each station, the indices for a specific year were
set to missing if there were more than 16% of the
days missing for that year (Costa and Soares, 2009).
The annual extreme precipitation indices (RL10, R30)
were computed using the selected daily precipitation
series.
The RL10 index is defined as the number of days
per year with precipitation below 10 mm. Although the
10-mm threshold cannot be considered very low in terms
of precipitation, it fits the extreme events regime of the
study area: the average number of days with precipitation
below 10 mm is greater than 330.
The index R30 measures the frequency of heavy
precipitation events and is defined as the number of
days per year with precipitation equal to or more than
30 mm. This threshold fits the extreme events regime of
the region under study, as it corresponds approximately
to the 99% regional-average percentile of the 1961–1990
climate normal (see Table I).
Table I. Basic statistics of the daily precipitation data (in mm).
Basic statistics Study period
(1961–2000)
Climate-normal
(1961–1990)
Mean 1.727 1.764
Median 0 0
Std. deviation 5.995 6.002
Sample variance 35.946 36.028
Kurtosis 71.917 62.299
Skewness 6.642 6.337
Range 274.7 186
Minimum 0 0
Maximum 274.7 186
Percentile 100% (max) 274.7 186
Percentile 99% 29.1 29.3
Percentile 95% 11.2 11.5
Percentile 90% 4.9 5
Percentile 75% 0 0
Percentile 50% 0 0
Percentile 25% 0 0
Percentile 10% 0 0
Percentile 5% 0 0
Percentile 1% (min) 0 0
3. Space–time pattern’s assessment
The space–time patterns of extreme precipitation indices
over the study region were evaluated using geostatistical
methods. In this work, a simple approach to space–time
modelling was adopted treating time simply as an
additional dimension, and traditional geostatistical tech-
niques were applied to the (2D+1) space–time domain
(Eynon and Switzer, 1983; Kyriakidis and Journel,
1999).
The selected geostatistical methodology was applied in
two stages:
- in the first one, the extreme precipitation indices
were computed for each monitoring station and the
space–time semivariograms were obtained for the
given period;
- in the second stage, stochastic simulation (direct sequen-
tial simulation algorithm) was used to evaluate the
mean spatial pattern and the local variability of the
extreme precipitation indices.
The semivariogram is a correlation function of dis-
tance between two points, which summarizes the main
spatial continuity patterns of the selected precipitation
indices.
The direct sequential simulation approach belongs
to a family of stochastic sequential simulation tech-
niques, which aims at generating images of a given
spatial random function with the same spatial char-
acteristics (semivariograms, histograms) as the experi-
mental data (Goovaerts, 1997; Soares, 2001). DSS is
used to illustrate (and emphasize) the main conclusions
about the space–time patterns of extreme precipitation
indices.
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3.1. Semivariograms
The semivariogram is the geostatistical key function and
it characterizes the variability of the spatial (and tempo-
ral) patterns of a certain phenomena. The experimental
semivariogram or sample variogram γˆ (h) is computed
as half the average squared difference between data pairs
belonging to a certain distance class:
γˆ (h) = 1
2N(h)
N(h)∑
α=1
[z(uα) − z(uα + h)]2 (1)
where N(h) is the number of pairs for a distance class.
The semivariogram models and their parameters are
estimated taking into account the experimental semivar-
iograms that are computed from data values. The main
objective is to capture the spatial pattern of the physical
phenomenon in the variogram model rather than getting
a best fit of a second moment (Goovaerts, 1997).
Typically, a mathematical semivariogram model is
selected from a small set of admissible functions (e.g.
exponential or spherical) and is fitted to experimental
semivariogram values calculated from data for certain
angular and distance classes.
The parameters of the semivariogram model (sill, range
and nugget) are used to assign optimal weights for spatial
prediction using kriging or stochastic simulation.
In bounded models (e.g. spherical and exponential),
semivariogram functions increase with distance until they
reach a maximum, named sill, at an approximate dis-
tance known as the range. The range is the distance
h at which the spatial (or temporal) correlation van-
ishes, i.e. observations separated by a distance larger
than the range are spatially (or temporally) indepen-
dent observations. The range is one of the most impor-
tant parameters because it is related with the spatial (or
space–time) extent of continuity of the phenomenon.
The nugget effect (C0) is determined when h approaches
0 and results from high variability at short distances
that can be caused by lack of samples, or sampling
inaccuracy.
The semivariogram is usually modelled by a visual fit-
ting procedure using a graphical interface. Least squares
techniques can provide an automatic fit of the experi-
mental variogram. In the course of a detailed geostatis-
tical analysis, an automatic fit rarely provides definitive
results. At most it can be the first step of a visual fit
(Chile´s and Delfiner, 1999). The automatic procedures
are roughly classified into two categories: full black-box
and semi-automatic. The first is generally disapproved by
geostatisticians because it is an uncontrolled process and
the results are often senseless (Goovaerts, 1997; Web-
ster and Oliver, 2007). The semi-automatic procedures
rely critically on a series of user’s decisions, which must
be backed by experimental data or ancillary informa-
tion (Goovaerts, 1997). Actually, at the end the semi-
automatic procedure adds little to the fitting process,
because the recommended procedure suggests that the
final decision should be based on a visual inspection of
the result.
3.2. Direct sequential simulation
Geostatistical simulation has been used to characterize the
space–time uncertainty of physical phenomena in Earth
and environmental sciences applications (Kyriakidis and
Journel, 1999; Soares and Pereira, 2007; Russo et al.,
2008), which is the main objective of this work.
The aim of sequential simulation is to generate a set of
equiprobable realizations of a random field, rather than
the most probable realization (given, for example, by
least squares interpolators). Each simulated image repro-
duces the main spatial patterns as revealed by semivari-
ograms inferred by the experimental data (Journel, 1994;
Goovaerts, 1997; Soares, 2001).
Let us consider Z(u), a continuous random function
Z, for any spatial and temporal location u. Z(u) has a
global cumulative distribution function (cdf):
Fz(z) = prob {Z(u) < z} (2)
and a stationary semivariogram γ (h).
The objective is to simulate realizations of random
function Z(u), which reproduce both Fz(z) and γ (h).
Soares (2001) describes the sequence of the direct
sequential simulation (DSS) algorithm of a continuous
variable as follows:
1. Define a random path over an entire grid of nodes ui ,
i = 1, N , to be simulated. N is the total number of
grid nodes to be simulated.
2. Estimate the local mean and variance of z(ui), iden-
tified, respectively, by the simple kriging estimate
z(ui)
∗ and estimation variance, σ 2sk(ui), conditioned
to the experimental data z(uα) and previous simulated
values zl(ui).
3. Draw a value zl(ui) by sampling from the global
histogram a value centred in the estimated local mean
and variance.
4. Return to step (1) until all N nodes have been visited
by the random path.
The set of simulated spatial images Zl(u), l = 1 to Ns
realizations can give rise to the most probable image
(E-type map):
Z(ui)
∗ =
Ns∑
l=1
Zl(ui)
Ns
(3)
The spatial uncertainty can also be derived from sim-
ulated images by calculating the variance for each
simulation node:
Var(ui) =
Ns∑
l=1
(
Zl(ui) − Z(ui)∗
)2
(4)
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Table II. Basic Statistics of the RL10 index per decade (number of days per year with precipitation <= 10 mm).
Decade Min. Median Mean Var. Std. dev. Max. Samples
1961–1970 305 341 339 81.38 9.02 359 339
1965–1974 309 345 343.99 66.78 8.17 360 353
1971–1980 309 345 343.93 60.97 7.81 360 365
1975–1984 312 347.5 346.46 56.08 7.49 363 488
1981–1990 306 347 344.29 94.45 9.72 363 755
1985–1994 306 348 344.93 83.5 9.14 361 910
1991–1900 305 347 345.73 70.66 8.41 363 864
Table III. Basic statistics of the R30 index per decade (number of days per year with daily rainfall above or equal to 30 mm).
Decade Min. Median Mean Var. Std. dev. Max. Samples
1961–1970 0 3 4.08 9.98 3.16 20 339
1965–1974 0 2 3.16 8.62 2.94 15 353
1971–1980 0 2 3.21 9.51 3.08 16 365
1975–1984 0 2 2.94 7.68 2.77 16 488
1981–1990 0 2 3.53 13.09 3.62 23 755
1985–1994 0 2 3.28 11.86 3.44 23 910
1991–2000 0 3 3.24 8.98 3.0 18 864
The above algorithm can be used to simulate any
continuous random variable. In this case study, both
equations Equations (3) and (4) were used to obtain
the most probable image of the RL10 and R30 per
decade, and a measure of the spatial uncertainty,
respectively.
4. Results and discussion
4.1. Space–time continuity analysis
The RL10 and R30 extreme precipitation indices were
computed for each monitoring station using data within
the period 1961–2000. Having in mind the purpose
of detecting spatial–temporal changes in the indices
behaviour, the data were grouped in seven 10-year peri-
ods: 1961–1970, 1965–1974, 1971–1980, 1975–1984,
1981–1990, 1985–1994 and 1991–2000.
Basic statistics of RL10 and R30 indices per decade
are presented in Tables II and III in order to charac-
terize their behaviour over the period of study. Both
indices present similar statistics over decades, despite
the fact that the number of samples in space has tripled
during the study period. The RL10 presents a mini-
mum of about 305 and maximum of 363 with a mean
between 339 and 346 and a variance ranging from 56
to 94.
The R30 exihibits a minimum of 0 and a maximum of
23 with a variance of around 10.
Space–time semivariograms (covariances) were then
calculated to assess the spatial–temporal correlation
between monitoring stations during each 10-year period.
After the calculation of experimental semivariograms,
a theoretical model was fitted to the experimental
semivariogram. Visual (manual) fitting was applied
giving more importance to its behaviour near the ori-
gin (the smaller lags), which is statistically more con-
sistent (more pair of points) and more important for
any spatial prediction. At the end, one must have a fit-
ted model that honours the experimental semivariogram
values and reveals the major spatial and temporal fea-
tures of the attribute under study within each decadal
period.
Taking into account the previous considerations, the
semivariogram model that best fitted the experimental
variograms was the spherical model, which is a function
of two parameters:
γ (h) =
{
C
[
1.5ha − 0.5
(
h
a
)3]
if h ≤ a
C otherwise
(5)
where a is the range and C is the sill. The model reaches
the sill at a distance a.
In the case of the models fitted to R30 decadal
experimental semivariograms, a nugget effect, C0, was
added to the spherical structure.
Considering the results of a thorough analysis on direc-
tional semivariograms, isotropic semivariogram models
were fitted. The results are presented in Figures 2–5,
and the semivariogram parameters are summarized in
Tables IV and V.
The range of the spatial component of RL10 semi-
variograms (Figure 2 and Table IV) has been increasing
continuously over decades, from the 40 km range in the
1965–1974 to 65 km in the 1991–2000. Moreover, the
corresponding sill parameter does not vary substantially
over decades and never reaches the experimental vari-
ance (a priori variance). In what concerns to the time
dimension of this index (Figure 3 and Table IV), the
range varied between 1 and 6 years, but no trends were
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Figure 2. Spatial component of RL10 index experimental semivariograms and spherical models fitted. Graphs show the spatial component for
the decades: (a) 1965–1974, (b) 1971–1980, (c) 1975–1984, (d) 1981–1990, (e) 1985–1994 and (f) 1991–2000, respectively.
Figure 3. Temporal component of RL10 index experimental semivariograms and spherical models fitted. Graphs show the temporal component
for the decades: (a) 1965–1974, (b) 1971–1980, (c) 1975–1984, (d) 1981–1990, (e) 1985–1994 and (f) 1991–2000, respectively.
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Figure 4. Spatial component of R30 index experimental semivariograms and spherical models fitted. Graphs show the spatial component for the
decades: (a) 1965–1974, (b) 1971–1980, (c) 1975–1984, (d) 1981–1990, (e) 1985–1994 and (f) 1991–2000, respectively.
Figure 5. Temporal component of R30 index experimental semivariograms and spherical models fitted. Graphs show the temporal component
for the decades: (a) 1965–1974, (b) 1971–1980, (c) 1975–1984, (d) 1981–1990, (e) 1985–1994 and (f) 1991–2000, respectively.
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Table IV. Parameters of the space–time semivariograms for the RL10 index per decade.
Decade Spatial Range a1 (m) Temporal Range a1 (years) Sill (Spatial) C1 Sill (Temp.) C1
1965–1974 40 000 1.6 39 50
1971–1980 40 000 2 42 41
1975–1984 50 000 6 36 56
1981–1990 55 000 5 35 95
1985–1994 55 000 2.5 33 84
1991–2000 65 000 3 35 71
Table V. Parameters of the space–time semivariograms for the R30 index per decade.
Decades Spatial(range)
a1 (m)
Temp(range)
a1 (years)
Nugget(spat)
C0
Nugget(temp)
C0
Sill(spat) C1 Sill(temp) C1
1965–1974 30 000 1.4 0 0 8 5.3
1971–1980 25 000 2 0 0 7.5 5
1975–1984 45 000 2 1.3 1.3 4.1 3
1981–1990 90 000 7 2 2 7.5 7.2
1985–1994 120 000 2 2.25 2.25 7.1 7.1
1991–2000 130 000 3 3 3 4.2 4.2
detected, i.e. ranges were neither increasing nor decreas-
ing over decades. In most of the cases, the sill did not
reach the experimental variance, which is a very common
situation characterized by ‘zonal anisotropy’ (Goovaerts,
1997); it means that, in a given direction, the phenomenon
is extremely homogeneous and the variability is lower
than the a priori variance (global variability measure)
computed from data. The results shown by the R30 are
similar to those in the previous index, RL10, but the
increase in the spatial continuity is more significant; the
ranges of the spatial component of the R30 shows a sub-
stantial increase over decades, from the 30 km range in
1965–1974 to 130 km in 1991–2000 (Figures 4–5 and
Table V). Additionally, R30 semivariograms also exhibit
an increase in the ‘nugget effect’ over decades, which
mean an increase in spatial variability at very small dis-
tances, while an increase in the homogeneity at the large
distances scale. Further investigation is needed to under-
stand what physical processes explain this result: the
phenomenon is increasingly continuous in space but, at
the same time, presents more erratic fluctuations at small
distances (different values of monitoring stations close to
each other). On the other hand, the time component of
R30 semivariogram parameters still does not present any
trend.
Figure 6 shows the increase in the semivariograms spa-
tial ranges over time for both indices, by means of simple
linear regressions based on the least square procedure.
The determination coefficients for this linear regression
were 0.96 and 0.94 for RL10 and R30 respectively. This
figure emphasizes what was already noted by the anal-
ysis of Table IV and V, implying that extreme events
tend to be more spatially homogeneous through time
in this region especially in what concerns to the R30
index.
Figure 6. RL10 and R30 indices obtained trends.
4.2. Space–time patterns of extreme precipitation
indices
The space patterns over decades of the indices can
be visualized with maps generated by direct sequen-
tial simulation on 800 × 800 m grid cells, using the
semivariogram models previously fitted for each 10-year
period.
Spatial patterns, as revealed by the semivariograms,
are reproduced in the simulation of spatial random fields
by performing direct sequential simulations. The simula-
tion algorithm generates a set of realizations of the spatial
phenomenon with the same probability distribution func-
tion: semivariograms of RL10 and R30 indices calculated
from precipitation data series. For each 10-year period,
100 equiprobable simulated images were computed and
the local uncertainty was assessed through variance maps
of the set of equiprobable simulated images, computed at
each grid node.
E-type maps, i.e. the average of simulated maps
(Goovaerts, 1997; Deutsch and Journel, 1998), give a
mean image of R30 and RL10 indices per decade,
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Figure 7. E-type maps of the RL10’s driest year per decade (1964, 1974, 1982 and 1992).
while the local variability maps enable the quantifica-
tion of spatial variability/homogeneity of each index
per decade. E-type maps of RL10’s driest year per
decade (1964, 1974, 1982 and 1992) are presented in
Figure 7, and analogous maps of R30’s wettest year
per decade (1969, 1979, 1989 and 1996) are pre-
sented in Figure 8. The associated local variances of
the equiprobable images are presented in Figures 9 and
10, respectively. The obtained results o illustrate the
conclusions drawn from the variogram analysis, i.e.
the levels of local variability are decreasing over time,
implying that these indices are more homogenous over
time.
Hence, two main conclusions can be drawn:
1. Spatial variability, as can be seen from the semi-
variogram ranges, has decreased over time since the
1961–1970 up to 1991–2000, which means that
extreme phenomena (RL10 and R30 indices) have
become more spatially homogeneous since then.
2. This reduction in overall spatial variability can also be
seen from the local variability maps, in which local
variances tend to decrease over time, especially in the
R30 index.
This analysis also shows that despite no evidence of any
time trend of the average behaviour of these indices, there
is a clear trend of the spatial variability/homogeneity over
the decades. In other words, the spatial distributions of the
two precipitation indices show an increase in the spatial
continuity over time, as expected from the analysis of the
experimental space–time semivariograms in the previous
section and according to the observed decrease in the
local variability.
5. Conclusions
The main objective of this paper is to assess the
spatial–temporal dynamics of extreme precipitation in
southern Portugal. The space–time patterns of two
extreme precipitation indices were estimated from a
set of 105 monitoring stations with records within the
period 1961–2000. Space–time semivariograms were
computed for several 10-year periods, which allowed
the characterization of the indices’ space–time continuity
patterns.
From the 1965–1974 decade until the end of the last
century, a clear trend of the spatial extent of extreme
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Figure 8. E-type maps of R30’s wettest year per decade (1969, 1979, 1989 and 1996).
phenomena has been observed and measured. Although
the yearly mean and global variances of the indices do not
change significantly in that period, the spatial correlation
between monitoring stations increases significantly over
that period. This means that extreme events tend to be
more spatially homogeneous, i.e. to have a larger spatial
continuity over time.
Therefore, the following main conclusion can be
drawn: both extreme precipitation indices, RL10 (fre-
quency of dry precipitation events) and R30 (frequency
of extremely heavy precipitation events), show increas-
ing spatial continuity through time, implying that the
spatial patterns are more homogenous in recent times.
This is an extremely important input for the short-
and medium-term management of Portuguese water
basins.
This new approach that accounts for spatial pat-
terns for characterizing and evaluating climate change
could be applied to other regions under environmental
stress, such as drought and desertification. The recog-
nition of changes in precipitation indices, more evi-
dent in space than in time, will bring further under-
standing of climate change effects and impacts, and
is likely to have substantial implications in the plan-
ning and management of natural resources, especially
of regions with high desertification risk where these
are critical issues. Therefore, the links between large-
scale atmospheric mechanisms and the observed trends
in the spatial homogeneity of these extremes precipi-
tation indices will be the subject of a future work in
order to obtain a complete study of their space–time
variability.
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Figure 9. Local variability of RL10’s driest year: (a) 1964, (b) 1974, (c) 1982 and (d) 1992.
Figure 10. Local variability of R30’s wettest year: (a) 1969, (b) 1979, (c) 1989 and (d) 1996.
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